Dominance is a fundamental concept in molecular genetics and has implications for 32 understanding patterns of genetic variation, evolution, and complex traits. However, despite its 33 importance, the degree of dominance has yet to be quantified in natural populations. Here, we 34 leverage multiple mating systems in natural populations of Arabidopsis to co-estimate the 35 distribution of fitness effects and dominance coefficients of new amino acid changing mutations. 36 We find that more deleterious mutations are more likely to be recessive than less deleterious 37 mutations. Further, this pattern holds across gene categories, but varies with the connectivity and 38 expression patterns of genes. Our work argues that dominance arose as the inevitable 39 consequence of the functional importance of genes and their optimal expression levels. 40 41 One sentence summary: We use population genomic data to characterize the degree of 42 dominance for new mutations and develop a new theory for its evolution.
genetics (1-4). Several models have been theorized for the mechanism of dominance, starting where structural genes had the same decay parameter as highly connected genes and non-140 structural genes that are both highly connected and have high levels of expression ( Fig. 3D) . 141 These results argue that structural genes do not appear to have a unique h-s relationship. Rather 142 they share the properties of other genes that are both highly connected and have a high level of 143 expression.
145
Our results motivate further development of a more general model for dominance. We extended 146 the model of Hurst and Randerson (9). In our model, fitness, f(x), for a given level of gene 147 expression x, is described by: where the intercept relates to the functional importance of a given gene and together with the 150 scale, determines the optimal expression level of the gene. We assume that gene expression 151 comes at a fixed cost per unit expression level. We compute s and h from this model based on 152 how reducing the expression level by one half (for heterozygotes) or completely (for the 153 homozygotes) affects fitness (18) ( fig. S11 ). Under this model, a non-essential gene where few 154 molecules are needed for optimal function (solid blue curve in Fig. 4A ) will have a wild-type 155 fitness at a low expression level (solid point). Reducing the amount of active protein by one half 156 (the assumed impact of a deleterious heterozygous mutation) will only slightly decrease fitness, to their respective genomes (A. thaliana to TAIR10 (22) and A. lyrata to the JGI reference 306 sequence v1.0 (23)) using BWA-MEM (BWA 0.7.7-r441) (24) with a penalty of 15 for unpaired 307 read pairs. We removed duplicated reads using Picard v2.7 and performed local indel 308 realignment using Genome Analysis Toolkit (GATK v3.6) IndelRealigner (25). We called SNPs 309 using UnifiedGenotyper and filtered variants using the recommendations from GATK: We annotated SNPs using SnpEff v4.3a (26). We used gene annotations (TAIR10) to filter 316 only coding sequences (CDS) and created site frequency spectra (SFS) for synonymous and 317 nonsynonymous variants separately. We calculated folded SFSs in order to avoid assigning an 318 ancestral allele, which is difficult to do in these species due to extensive genome rearrangements 319 (23).We downsampled the SFS in A. lyrata from 13 entries to 11 using a hypergeometric 320 downsampling scheme (27). 321 We ensured that population structure did not affect our frequency spectra by performing 322 principal components analysis (PCA) and checking the distribution of pairwise differences 323 between samples. We removed samples that were highly related within each species as 324 determined by outliers in the number of pairwise differences and individuals that cluster very 325 closely on the PCA run on the genotypes (28) ( Fig. S3 ). When two accessions were closely 326 related, we retained one individual selected at random. For the A. thaliana dataset, we removed 327 samples 35601, 35513, 35600, 37469 and for the A. lyrata dataset, we removed samples 328 SRR2040788, SRR2040795, SRR2040829. 329 We annotated each coding site according to the gene name and gene ontology (GO) term 330 and subset the data into different GO term categories to perform our inference of dominance and 331 the DFE separately on these categories. We annotated each gene based on connectivity and gene 332 expression. Connectivity was determined by the STRING database v10 (29). We downloaded the 333 A. thaliana (organism 3702) protein network data and restricted our analysis to high confidence 334 (>0.7) interactions. Connectivity is then equally subdivided into three categories: low 335 connectivity, intermediate connectivity, and high connectivity (e.g. Fig. 3 ). We obtained 336 expression data for A. thaliana from the 1001 Epigenomes project (NCBI GEO: GSE80744; 337 (30)), which provides a processed read count matrix for each gene across all accessions. We 338 obtained the median expression value across all accessions, and arrived at a single value for each 339 gene. Expression level is then equally subdivided into three categories: low expression, 340 intermediate expression, and high expression (e.g. Fig. 3 ).
342
Models of dominance and likelihood ratio test 343 We test three different models of the relationship between the selection coefficient of a 344 mutation (s) and the dominance coefficient (h). Here, s and h are defined such that the fitness of 345 the homozygous wild-type genotype is 1, the fitness of the heterozygous genotype is 1+hs, and the fitness of the homozygous mutant genotype is 1+s. The first model assumes that h is 0.5 and 347 does not depend on s (additive model). The second model assumes that h is independent of s, but 348 different from 0.5 (constant h model). This model allows for dominant or recessive mutations.
349
The third model assumes a functional relationship between h and s (h-s relationship model). We 350 model this relationship with two parameters according to the following equation:
The first parameter, θ intercept , defines the value of h at s = 0. The second parameter, θ rate , 
377
Population genetic inference of dominance using data from a single outcrossing population 378 We developed a Poisson random-field model of polymorphisms (14) for estimating the 379 parameters in the models described above. We assume that nonsynonymous mutations are under 380 the effects of purifying selection, and we assume that synonymous mutations are neutral. We 381 present two approaches to estimate these parameters from the data: 1) estimating dominance 382 using data from a single outcrossing population (e.g. A. lyrata), and 2) using data from both an 383 outcrossing (e.g. A. lyrata) and a highly inbreeding population (e.g. A. thaliana) simultaneously 384 to estimate dominance. We start by presenting the first approach.
385
To account for the effects of changes in population size on the nonsynonymous SFS that The ancestral effective population size in step 4 is calculated from the demographic model.
449
Fitting the demographic model to the synonymous SFS provided an estimate of θ S = 4N e µL S for 450 synonymous sites, where µ is the neutral per base-pair mutation rate and L S is the synonymous 451 sequence length. Using this formula, we estimated N e by setting the neutral mutation rate to 7 x 452 10 -9 (37). Note that when partitioning our data into different gene categories and estimating the 453 selection parameters for each category separately, we also allow for a different ancestral N e and 454 demographic estimates in those categories to control for different levels of background selection 455 in different genomic regions (38-41). 456 Finally, we can compute the likelihood at the maximum likelihood parameter values for the 457 three different dominance models (i.e. additive model, constant h model, and h-s relationship 458 model), and compute the likelihood ratio test statistic Λ, which will allow for model comparison.
460
Cubic spline interpolation to speed up the computation of cached SFS
461
Step 2 in our inference method involves computing a lookup table of one million SFS for a The nonsynonymous SFS for different values of h can be very similar when modifying the 479 selection coefficient accordingly (see Fig. 1A ). This suggests that the power for estimating 480 dominance might be small when using only data from a single outcrossing population. This can be seen in Fig. S2A , where simulations with h=0.5 (H0) are compared to simulations with a 482 constant h of 0.46 (H1). Such a small difference in h leads to a considerable overlap in the 483 distribution of the likelihood ratio test statistic Λ between simulations under H0 and H1, and 484 there is no power to discriminate those two hypotheses. 485 We propose to increase power for detecting the true dominance model, and improve 486 parameter estimation, by combining data from an outcrossing species with data from a selfing 487 species. The main factor determining the SFS of the outcrossing species is the difference in 488 fitness between the homozygous wild-type and the heterozygous genotype, having fitnesses 1 489 and 1-hs, respectively. The difference in fitnesses between these two genotypes affects the SFS 
508 509
The first term of the sum, the log likelihood of the selection parameters (Θ h and Θ DFE ) given 510 the outcrossing SFS, is computed using the approach developed above for the case of a single 511 outcrossing population. To calculate the log likelihood for the inbreeding SFS (the second term 512 of the right hand side of equation 3), we need to account for the effect of inbreeding on the SFS.
513
For strongly inbred species such as A. thaliana with a selfing rate of at least 97% (42), we 514 assume that the inbreeding coefficient F is effectively 1. In this case, the diffusion equation 
In the case of additive mutations in an outcrossing population (F=0, h=0.5), these quantities 523 become:
524 525
In the case of a highly inbred population with arbitrary dominance (F=1), these quantities 528 become independent of h:
The equations for the case of F=1 (eq. 6a,b) is just a scaled version of the equations for 534 additive mutations in an outcrossing population (eq. 5a,b), with twice the change in mean allele 535 frequency (eq. 6a), and twice as much drift (eq. 6b). This allows us to use the framework of ∂a∂i, 536 developed for outcrossing populations, and apply it to data from highly selfing populations.
537
We need to take into account the effect of inbreeding on M(p) and V(p) according to eqs.
538
6ab. The effective population size that we estimate with ∂a∂i based on the synonymous SFS is 539 already taking into account the effect of inbreeding on V(p), since it is the population size that 540 effectively generates the same amount of drift as the standard Wright-Fisher outcrossing model 541 assumed by ∂a∂i (i.e. eq. 5b). Next, we multiply s by a factor of 2 to find the effective selection 542 coefficient s e . Finally, we use these effective parameters, s e and N e , to compute the expected SFS 543 for the highly selfing population using the framework of ∂a∂i.
544
The full inference of a common set of dominance and DFE parameters (Θ hs, Θ DFE ) is similar 545 to the steps outlined above for a single outcrossing population. Robustness of inference to model mis-specifications 616 When we make simultaneous use of data from both outcrossing (A. lyrata) and inbreeding 617 (A. thaliana) species for inferring dominance, we implicitly make the assumption that the DFE is 618 the same in both species. However, for highly diverged species such as humans and Drosophila, 619 it was shown recently that the DFE, in units of s, is significantly different (32). One potential 620 concern is that differences in the DFE between species could lead to falsely inferring an h-s 621 relationship when the true model is additivity.
622
However, we found additional support for the of h-s relationship model. First, we see 623 significant support for an h-s relationship over an additive or constant h model even when basing 624 our inference only on the outcrossing A. lyrata data (Table S2) Table S3 ). This suggests that the additive model has a worse fit than 640 an h-s relationship model, even when the assumption of an identical DFE in both species is 641 relaxed. In summary, analyses of simulated data suggest that it is possible to distinguish between 642 different DFEs between species and a true h-s relationship. It is unlikely for our inference 643 framework to infer a spurious h-s relationship due to differences in the DFE between species.
644
Another assumption of our approach is that the inbreeding coefficient F of the selfing 645 population equals 1. We tested robustness to this assumption by simulating SFS data for a selfing 646 population with selfing rate at the lower end of what has been estimated for A. thaliana (97%;
647
(42, 45-47)). We then compared this SFS to an SFS that is simulated under full selfing (F=1), 648 and found that the SFS match up well. Similar results are found for even lower selfing rates of 649 90% or 85% (Fig. S9) . Moreover, we found that our approach leads to unbiased estimates when 650 simulating data under a selfing rate of 97% (Fig. S10) . Thus, an inbreeding rate of 97% is high 651 enough to ensure unbiased estimation of dominance parameters with our approach.
intercept parameter in the model that determines the fitness when the gene is not expressed. An 708 intercept close to one indicates that the gene is non-essential and can be removed with only little 709 reduction in fitness, whereas a value close to zero indicates that the gene is essential for survival 710 or reproduction. Second, we add a scale parameter that allows for varying rates of increase in 711 fitness with expression level (Fig. S11) . We define the scale parameter as the expression level at 712 which fitness is exactly in the middle between the fitness at zero expression and at infinite We assume that gene regulatory sequence is optimally evolved, such that genes are 729 expressed at the level x opt (eq. 8). Next, we investigate the fitness effect of gene mutations that When two accessions were closely related, we retained one individual selected at random. We 789 also removed accessions that are highly diverged from the majority of individuals. The 790 accessions that we removed are indicated by red crosses. 
862
The intercept in the model is varied continuously from 0 to 1, the scale parameter is set to 1, 10, 
